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Introduction
There is an increasing interest in issues of distributive justice, fairness, and equity. The Canberra Group (2001) has provided detailed guidelines for compiling micro databases that allow valid comparative distributional analyses. Institutions like the Luxembourg Income Study have compiled micro databases from numerous countries, and invested substantial efforts to ensure cross-country comparability of the information content of the databases. As a result, various national and international micro databases are available to study distribution issues.
Despite such efforts, a potential source of heterogeneity remains: the income accounting period (IAP) . 1 The IAP is the measurement period of the flow variable income, and it can be defined as a calendar or fiscal period. Typically, it is a year, a quarter, or a month. If IAPs differ, results from comparative distributional analysis are likely to be biased. As an example, inequality and the IAP will usually be negatively related, because an extension of the IAP smoothes subannual income fluctuations. Accordingly, measuring a higher level of inequality may be an artifact resulting from different IAPs rather than from true comparison. Ideally, therefore, distributional analysis should rest on incomes covering a uniform accounting period.
Should IAPs differ, valid comparative distributional analyses still would be possible if a general rule existed for how IAPs impact distribution indices. However, such a general rule, like "halving the IAP increases measured inequality by five percent," does not exist. Shorrocks (1978a) has shown that inequality and the IAP are negatively related under general conditions. The quantitative strength of the relationship, however, is not determined. For the impact of the IAP 1 Even highly standardized databases like the Luxembourg Income Study (LIS) rely on data from accounting periods of different lengths. For the French LIS database, the IAP is the "twelve months preceding the interview," for Australia "the financial year preceding the date of interview," for Germany and the US the "calendar year" (see original survey information provided at http://www.lisdatacenter.org/ for details). The inter-temporal comparability of some national databases is limited by IAP adjustments over time. As an example, a peculiarity of the income and expenditure surveys for Israel and Germany is that the accounting period has been shortened from an annual to a quarterly time span. In Israel, the accounting period now is three months, but the survey is conducted over the year. Each time the question refers to the income earned in the last three months, e.g., respondents surveyed in January are asked about October to December of the previous year. In the German survey, conducted in five-year intervals, households provide earnings and expenses for various kinds of goods and services in household diaries. Until 1993, information from these diaries was collected over a period of twelve months. Since 1998, the survey has been conducted over a full year but each household fills in its diary for a single, random quarter in order to lessen the effort involved for the participant, to improve the data quality, and to reduce drop-out rates (see Kühnen, 2001 ).
on poverty or mobility, the picture is even less clear. Here, the direction of the relationship is usually undetermined (see Böheim and Jenkins, 2006; Ravallion, 1988; Chesher and Schluter, 2002) .
Because theory provides little guidance for sorting out the effect of the IAP on distributional measures, empirical studies of the IAP-distribution nexus are of paramount importance.
However, the data requirement for a systematic empirical assessment is high, explaining the scarcity of empirical evidence. Ideally, an empirical analysis of the IAP-distribution nexus requires micro data on incomes for a short accounting period (e.g., a month) available for a long time horizon (e.g., a decade), allowing monthly distributions to be derived. Further, by adding up monthly incomes over time (e.g., a year), the associated longer-term (annual) distributions could be derived as well. Together, these distributions would allow for a systematic analysis of the relationship between the accounting period and distributional measures.
Empirical evidence on the IAP-distribution nexus is provided in Shorrocks (1981) and Ruggles (1990) for the United States, Morris and Preston (1986) , Nolan (1987) and Jenkins (2000, 2006) for the United Kingdom, Gibson et al. (2001) for China, Cantó et al. (2006) for Spain, Finkel et al. (2006) for Israel, and Detlefsen (2012) and Schröder (2012) for Germany.
Effectively, however, the empirical evidence is smaller than the mere number of studies suggests. This is because the IAP-distribution nexus is sometimes investigated as a byproduct, or because data restrictions prohibit a rigorous empirical analysis (for details see Böheim and Jenkins, 2006; Cantó et al., 2006; Schröder, 2012) . Further, none of the studies, except for Finkel et al. (2006) , uses a framework that enables a systematic analysis of the IAP-distribution nexus.
For these reasons, Finkel et al. (2006) , Wodon and Yitzhaki (2003) , and Yitzhaki and Wodon (2004) argue that further research on the IAP-distribution nexus is required. This paper addresses that challenge. Employment records of German pension insurants, providing monthly information on earnings, serve as our database.
This paper contributes by providing systematic empirical evidence on the IAP-distribution nexus over a long time horizon. We apply an exact decomposition framework, as suggested in Yitzhaki, 2003, and in Yitzhaki and Wodon, 2004 , that decomposes the square of the Gini index from the annual distribution in three component: (a) a series of Gini indices from the monthly distributions; (b) a series of Gini correlation coefficients 2 of the monthly distributions amongst themselves; 3 and (c) differences between the two Gini correlations defined between each monthly and the yearly distribution. These differences describe whether the yearly distribution and the monthly distributions belong to the same family of distributions. The long time horizon of our database allows us to investigate the inter-temporal stability and robustness of the parameters (in the same country).
Our results show that inequality indices from the subannual distributions are significantly larger than indices from the annual distributions. Specifically, the Gini coefficient of the monthly distributions is 2.2 percent higher, on average, than the coefficient of the annual distribution.
Despite such differences in absolute levels, Gini indices from both annual and monthly earnings distributions follow the same inter-temporal pattern, indicating a significant rise in earnings inequality since German reunification. Finally, Gini correlations of the monthly distributions vary over the observation period. This time-variance makes it difficult to predict the quantitative impact of the IAP on inequality in a more general context. Thus, it would appear that it is necessary to have a uniform IAP to derive valid conclusions from any comparative distributional analysis.
The structure of the paper is as follows. Section 2 explains the Gini decomposition framework and outlines the statistical procedures. Section 3 describes the database and its preparation.
Section 4 provides our estimates on the IAP-inequality nexus, and Section 5 concludes.
Methods

The Gini decomposition framework
Our empirical analysis builds on the Gini decomposition framework introduced in Wodon and Yitzhaki (2003) and in Yitzhaki and Wodon (2004) . This framework enables a systematic investigation of the relationships between the Gini index derived from the annual distribution, 2 The Gini correlation coefficients, introduced in Schechtman and Yitzhaki (1987) , are based on the covariance between one income variable and the cumulative distribution of another income variable. Gini correlation coefficients, like Pearson's or Spearman's correlations, describe the dependence between two variables. 3 The Gini decomposition framework, in the spirit of the works of Atkinson (1983) , Shorrocks (1978b and c) , King (1983) , Atkinson and Bourguignon (1992) , or Dardanoni (1993) , integrates mobility as an additional dynamic dimension describing distributional transition processes. and the Gini indices and the Gini correlations derived from the subannual monthly distributions.
A particular advantage of the Gini decomposition framework is that "mobility is not defined as an independent concept, and therefore, there is no need to derive a separate axiomatic justification for it" (Yitzhaki and Wodon, 2004, p. 181) . 
Gini indices and
The range of the Gini correlation coefficient is   For the relationships between annual inequality and subannual inequality and mobility, the following identity holds (see Yitzhaki and Wodon, 2004 , Proposition 1), , is twice the sum of the 5 Further information on the properties of the Gini correlation coefficient is provided in Yitzhaki (1987, 1999) . In general, the properties are a mixture of Pearson's and Spearman's correlation coefficients. product of the following factors: the two monthly earnings shares for m and n , the two Gini indices for m and n , and the Gini correlation coefficient for m and n . 
Statistical inference
We apply the jackknife to provide confidence intervals for all the elements of the identity in
Equation 1a. The basic idea behind the jackknife is that it systematically recomputes a statistic leaving one observation at a time out of the data. From the jackknife estimate of a statistic, an estimate of the variance of the statistic can be derived (see Wolter, 1985) . To reduce the computational burden related to the computation of the Gini indices and Gini correlation coefficients, we implemented procedures that calculate, regardless of sample size, jackknife estimates with only a few passes through the data (for detail see Yitzhaki, 1991; Karagiannis and Kovacevic, 2000) . An alternative to the jackknife is the bootstrap. Leaving theoretical differences aside, the main practical difference between the bootstrap and the jackknife is that, when repeated on the same data, only the jackknife yields exactly the same result each time. For this reason we use the jackknife.
Data base and working sample
Our Germany. However, it is useful for our purposes because we limited the sample to a certain age group.
Our analysis starts right after German reunification in 1991. To immunize the statistics from other blurring factors, we focus on a rather homogeneous sample, i.e., males and females age 30 to 50 in the western German states whose social status in all twelve months of a particular year is:
employed, marginally employed, or unemployed. Accordingly, those not participating in the labor market or who are employed but not subject to compulsory insurance are discarded from the database. To secure a consistent implementation of the Gini decomposition, the working sample is restricted to insurants that can be tracked over all twelve months of the year under investigation.
Descriptive (non-weighted) statistics on the working sample's size and composition are summarized in Table 1 . Altogether, the working sample consists of about 13,000 to 16,000 insurants per year. By construction, the age composition of the sample is quite stable over time, 
The central elements of the decomposition
Equation 1a 
The subannual indices
The rise of inequality in the annual earnings distribution in general and of the component We begin the analysis by asking whether the increase in inequality in the annual earnings distribution and in 2 S resulted from changes in the monthly shares of total annual earnings. As seen in Figure 2 , the answer is no. The figure provides point estimates and confidence intervals of the monthly earnings shares. Horizontal lines provide a fictitious scenario where monthly shares of annual earnings are identical in all months of a year. Not surprisingly, the figure tells the following consistent story over the entire observation period. Monthly earnings shares are slightly lower in the winter than in the summer months (due to seasonal effects in the labor market) and are directly related to the number of (working) days, as reflected by the exceptionally low earnings share in February. As both patterns are documented consistently over the entire observation period, the rise in annual inequality and in 2 S must be due to rising inequality in the monthly distributions, and/or higher Gini correlation coefficients from monthly distributions amongst themselves.
Figure 2 about here
For this reason, we turn next to the Gini indices derived from the monthly earnings distributions.
Results (95 percent confidence intervals and point estimates) are assembled in Figure 3 in twelve graphs from January ("Month 1") to December ("Month 12"). Further, to allow for a quantitative assessment of the difference between monthly and annual inequality, Gini indices from the annual distribution are shown in gray. 12 The first finding is that the monthly indices closely track the annual indices. A period of stability until 2000 is followed by a period with rising earnings inequality. The second finding is that the monthly Gini indices are typically higher than their annual counterpart in the same year. This is because an extension of the accounting period from a month to a year smoothes subannual earnings fluctuations (Shorrocks, 1978a) . The difference in monthly and annual inequality is most pronounced in the winter months December to March.
One-time payments in December (Christmas bonuses) and seasonal changes in the labor market are the most plausible explanation for this. For example, unemployment rates in the winter months January to March, in 2006 fluctuated around twelve percent, and thus were about two percentage points higher than in the other months. Moreover, the number of short-term contracts was also significantly higher in the winter than in the other seasons. In January, February, and
March 2006, about 100,000 people had a short-term contract, in July 2006 the number was 50,000 people, and in November it was 36,000. suggest that the subannual rank exchange mobility within the time span of a year is rather low.
Looking at the Gini correlation coefficients from the monthly distributions amongst themselves in more detail, it is evident that they become smaller as the time span between the two months under investigation is extended. Romano and Wolf, 2005) .
The symmetry tests for Gini correlation coefficients
We apply the Holm-Bonferroni correction (Holm, 1979) , a sequential correction procedure, which does not require tests to be independent. The correction relies on the twelve (or 66) pvalues for the monthly-annual (or monthly-monthly) tests. Let X denote the number of tests being performed, and let the p-values for the 1,..., x X  hypotheses being tested, ordered from
. Further, let   H x be the hypothesis associated with the p-value for x . To control for the family-wide false positive value (FWER),  , proceed as follows:
, accept all the x hypotheses (none are significant). Small differences between Gini correlations are also reported in Finkel et al. (2006) , who therefore argued that the simpler two-component decomposition may be viewed as a helpful firstorder approximation "for any practical purpose" (p. 158). However, the consistency of estimates does not ensure that any conclusions are generalizable to other income concepts, time periods, or countries, given the lack of a theoretical foundation. Indeed, using Mexican data on individual earnings, Wodon and Yitzhaki (2003) found larger differences between Gini correlation coefficients, albeit without providing formal tests of significance of the differences.
Proceed with the hypotheses until the first
x such that     1 p x X x     .
Conclusions
This paper investigates the relationships between inequality in the annual earnings distribution, inequality in the underlying monthly distributions, and rank exchange mobility during the course of the year using the Gini decomposition approach outlined in Wodon and Yitzhaki (2003) and in Yitzhaki and Wodon (2004) . Employment histories of German pension insurants for the period 1991 to 2006 were used as the database.
Three findings are worth mentioning from a methodological perspective. First, the IAP does not impact the general inter-temporal pattern of inequality. Gini indices from both the annual and monthly earnings distributions indicate that inequality has increased over time. 15 The explanation is that the increase in monthly inequality was accompanied by an increase in correlations, so that both factors were in the same direction. Second, Gini indices from the monthly distributions are significantly higher than Gini indices from the annual distributions. This finding questions the validity of comparative distributional studies that build on data that do not use a uniform accounting period. Third, Gini correlation coefficients of the monthly distributions amongst themselves change over time. This makes it difficult to make a general prediction of the quantitative impact of the accounting period on inequality.
The good news for practitioners is that the difference in Gini correlations between monthly and yearly distributions is small for all practical purposes, implying that the additional parameters that the Gini decomposition includes may be ignored, and that the simpler formula that is used to decompose the coefficient of variation provides a reasonable approximation of the Gini decomposition. .96
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